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Abstract: An important motivation for the implementation of the Water Framework Directive
is the creation of non-market environmental benefits, such as improved ecological quality, or
greater opportunities for open-access river recreation via microbial pollution remediation. Pollution
sources impacting on ecological or recreational water quality may be uncorrelated, but non-market
benefits arising from riverine improvements are typically conflated within benefit valuation studies.
Using stated preference choice experiments embedded within a survey that also collected respondents’
socio-economic characteristics, we aimed to disaggregate these sources of value for different river
users, thereby allowing decision makers to understand the consequences of adopting alternative
investment strategies. Our results suggested that anglers derived greater value from improvements
to the ecological quality of river water, in contrast to swimmers and rowers, for whom greater value is
gained from improvements to recreational quality. More generally, we found three distinct groups of
respondents: a majority preferring ecological over recreational improvements, a substantial minority
holding opposing preference orderings, and a yet smaller proportion expressing relatively low values
for either form of river quality enhancement. As such, this research demonstrates that the non-market
benefits that may accrue from different types of water quality improvements are nuanced in terms of
their potential beneficiaries and, by inference, their overall value and policy implications.
Keywords: Water Framework Directive; ecological and microbiological water quality; choice
experiment; willingness to pay for river water quality; conditional logit; latent class analysis;
non-market benefits
1. Introduction
The Water Framework Directive (WFD) requires substantial improvements to the quality of
Europe’s waters so that the ‘good ecological status’ of surface waters is achieved [1]. One important
motivation for the implementation of the WFD appears to be the creation of non-market social benefits
such as improved provision of, and opportunities for, open-access recreation (Articles 4, 9 and 11 of
the WFD).
Previous research has shown that it is technically infeasible and prohibitively expensive for all UK
rivers to be brought to ‘good ecological status’ within the near future [2]. The WFD allows derogations
from ‘good ecological status’ where remediation projects may be technically infeasible, or where
remediation costs may be disproportionate to the benefits created (Article 4, par. 4, 5, 7). The financial
costs of pollution remediation must be offset against the benefits of that remediation. Some benefits
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may be measured on the market, and are commonly accounted for in water management plans [3].
Official UK guidelines state that non-market costs and benefits must not be ignored, but must be
‘quantified where possible and meaningful’ [4]. Therefore the role of economics is crucial in assessing
the non-market benefits of measures that could be implemented to achieve WFD targets, as these
benefit values may represent significant components of water quality improvements [5].
Among economic valuation techniques, stated preference methods have been extensively used for
valuing the non-market benefits arising from environmental improvements, with choice experiments
(CE) being used since the late 1990s for water quality studies. This trend has continued over the last
10 years, with the method being used to assess a diverse range of water quality issues, including
assessments of wetland conservation projects [6], multi-country assessments of benefit transfer in
water conservation projects [7], and adaptations to river use [8]. Well-designed stated preference CEs
produce consistent, valid and reliable estimates that may be used to support decision making [9].
Valuation studies typically assess WFD benefits in ways that conflate the value of ecological
improvements with the value of microbial pollution reduction, therefore assessing water quality as
a single attribute of preference [10,11]. However, the ecological and microbial attributes of water
are not identical. They are affected differently by different pollutants. Moreover, different benefits
accrue from remediation measures designed to reduce either type of pollution. Ecological quality is
relevant for diverse healthy aquatic ecosystems, and is principally determined by diffuse nutrient
pollution (e.g., nitrates and phosphates) from agriculture. Microbiological quality is relevant for
recreation (i.e., reduction of the risk of ill-health via microbial pollution reduction leads to improved
opportunities for safer recreation [12]) and is largely determined by faecal pollution, typically from
livestock and/or wastewater treatment works [13]. Doherty et al. [14] observe that ‘a consequence of
focusing on just the ecological status of the water bodies being analysed is that the marginal value
of a specific characteristic of a waterbody (e.g., the marginal value of a change in the recreational or
aesthetic attribute) cannot be estimated’.
In the UK, the most recent CE water quality studies include Hanley et al. [15], Glenk et al. [11],
Metcalfe et al. [16] and Doherty et al. [14]. Hanley et al., provide willingness to pay (WTP) measures
for improvements from fair to good for ecological quality, aesthetic, and bankside condition attributes
of the rivers Wear (Durham) and Clyde (Central Scotland). Glenk et al., and Metcalfe et al., describe
the state of water bodies (rivers and lochs in the former and all water bodies in the latter) and
assess respondents’ preferences for the potential future status of those water bodies. Doherty et al.,
disentangle water quality characteristics into aquatic ecosystem health, water clarity and odour
attributes. None of these studies sought to separate the microbiological/recreational component of
water quality from the ecological attribute.
The main aim of this research was to further the knowledge on non-market valuation of river
water by disaggregating the values people derived from ecological and microbial aspects of river water
quality. Given the link between microbial quality and recreational river use, we investigated how the
values for these distinct attributes of river water quality differed over people who (i) engaged with the
river in different ways (rowers, swimmers, anglers) and (ii) who lived at different distances from the
river. This investigation was undertaken using a stated preference, Discrete Choice Experiment (DCE),
with discrete attributes for ecological and recreational water characteristics.
Our results indicated significant heterogeneity in water quality preferences: a majority of
respondents preferred ecological improvements, a substantial minority preferred recreational
improvements, and a small proportion held relatively low values for either form of river quality
enhancement. Anglers prioritised ecological quality, while swimmers and rowers favour improved
recreational opportunities. A clear distance decay in respondents’ WTP values away from the site of
proposed investment was revealed. As such, this research demonstrates that the non-market benefits
that may accrue from different types of water quality improvements are nuanced in terms of their
environmental impacts, their potential beneficiaries and, by inference, their overall value and policy
implications. This information allows decision makers to better understand the consequences of
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adopting alternative investment strategies that favour either ecological or recreational improvements,
or a mix of benefits, as these trade-offs were previously poorly understood [17].
2. Materials and Methods
2.1. Case Study Area and Catchment
The survey was conducted in Norfolk, UK. The River Yare was selected as a case study
area to study ecological and recreational values. The Yare catchment is predominantly rural,
supporting agriculture and horticulture, but is prone to diffuse agricultural pollution from nutrients
(primarily phosphates). The catchment has been identified as a High Water Quality Priority Area for
Catchment Sensitive Farming advice and Countryside Stewardship, as it fails to meet WFD targets [18].
The catchment also has difficulties meeting WFD targets due to point source pollution discharges
(e.g., inadequately treated wastewater) from the water industry [19]. The population of the Yare
catchment is concentrated within the city of Norwich, a city of 210,000 inhabitants. Wastewater from
the Norwich area is processed at a treatment facility located near the village of Postwick, two miles to
the south-east of the city. Figure 1 shows the survey area, the locations of respondents’ homes and the
20 km survey stretch of the River Yare.
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2.2. Survey Instruments and Choice Experiment Design
Water quality attributes span a continuum ranging from those that can be easily perceived
(e.g., algal growth), to characteristics imperceptible to human senses (e.g., concentrations of microbial
organisms). To aid experimental accuracy, researchers have sought to produce objective water
quality indices to convey information to respondents, using combinations of scientifically quantified
parameters [20]. These indices, displayed graphically to respondents as water quality ladders,
are increasingly standardised and used to obtain accurate estimates of water quality benefits within
economic valuation studies [21,22].
Unfortunately, a common characteristic of water quality ladders is that they conflate ecological
and microbiological quality attributes [21]. We disaggregated the water quality ladder developed
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by Hime et al. [22] into ecological and recreational components. To sufficiently address our research
question, yet minimise the cognitive load on respondents, we used three simple attributes to describe
water quality across a range of future water quality scenarios at the survey river stretch (Figure 2).
Ecological quality had four levels ranging from ‘blue’ (the highest) to ‘red’ (the lowest). These levels
were based on United Kingdom Technical Advisory Group (UKTAG) guidance [23]. UKTAG is a
partnership of the UK environment and conservation agencies that was created to provide coordinated
advice on the scientific and technical aspects of implementing the WFD. Microbiologically polluted
water has been shown to have a dose-response relationship with the risk of ill-health (i.e., the rate
of infection among recreational users increases steadily with increasing concentrations of harmful
microorganisms and, for a constant concentration of microorganisms, the rate of infection is higher for
those recreational users who have higher exposure) [12]. Our recreational quality ladder had three
levels; ‘high’, ‘medium’ and ‘low’, which corresponded to the acceptable risk of ill-health for different
activities, e.g., a river of ‘medium’ recreational quality may be unsuitable for full immersion activities
such as swimming (due to high concentrations of harmful bacteria), but may still be suitable for
activities such as rowing (rowers, who are usually only splashed by contaminated water, have lower
exposure and a lower risk of ill-health). The price had eight levels ranging from £0 to £100. The payment
vehicle was presented as a hypothetical increase to the respondents’ annual domestic water bill.
The payment vehicle corresponded with those used in previous studies on water quality improvements
in public areas [11,24]. We believed that this approach would be most appropriate as, in the UK,
domestic water bills also include a sum towards improving wastewater services that, in turn, leads to
improved river water quality.
A common characteristic of CEs is the inclusion of a constant level of environmental quality
(the ‘status quo’) within the choice task and, within such studies, respondents could prefer the status
quo to any proposed change. The status (health) of the water environment of the river Yare, and its
tributary rivers, was assessed by the Environment Agency in 2013 as being generally ‘moderate’ [19].
That assessment broadly corresponds to the ‘green’ ecological and ‘medium’ recreational water
quality attributes used in our study. Defining the status quo in water quality studies is problematic,
as attributes vary according to river morphology, season, geographical location, etc., and encapsulating
these variable components into a single fixed state may be overly restrictive. Furthermore, respondents
are often heterogeneously and imperfectly informed, and their perceptions of the ‘status quo’ may bear
little or no resemblance to reality [25,26]. This divergence can reduce the accuracy of welfare estimates:
Poor et al. [27] demonstrate the impact of objective vs. perceived measures in valuing the water clarity
of lakes in Maine. This study circumvented these issues in two ways. We collected the perceptions
of water quality directly from respondents and incorporated those perceptions into welfare benefit
valuations. We also used a forced choice design, in which there was no ’status quo’ opt out option
included in each set. The absence of a ’current‘ option reflected the reality of water management in the
context of the study: the status quo was not an option due to the implementation of WFD-induced
water quality improvement programmes. Forced choice designs have been used in other water DCE
studies where the status quo is no longer an option [28,29]. Welfare analysis is still possible as long as
the current levels of the attributes are included in the experimental design. Questions to capture other
variation in WTP (e.g., distance, respondents’ socio-economic characteristics and use patterns) were
included elsewhere within the survey.
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The combination of attributes and levels used on choice cards was derived following the
D-efficient design strategy. This strategy ensured that the choice cards’ combinations were balanced
and maximized the parameter precision of a conditional logit (CL) model. D error is the determinant of
the variance covariance matrix of the conditional model and is directly linked to parameters precision.
The D error was 0.306965. An alternative efficiency measure is the A error, which considers the trace of
the variance-covariance method. The A error in this design was 1.631721. The parameters precision is
higher when these efficiency measures are closer to 0. The resulting design yielded a higher efficiency
level than those typically observed in the wider literature. Further details on D-efficient design can be
found in Ferrini and Scarpa, 2007 [30] and in the Ngene v.1.1 manual [31]. In total, 48 combinations
were produced, which were arranged into four blocks of 12 choices, with each block presented to
50 respondents, for a total of 200 respondents.
A recruitment strategy was devised that differentiated between river visitors (who deliberately
visited rivers within the previous year) and non-visitors and, of those respondents who identified as
visitors, captured different recreation types.
To follow best practice [9], care was taken to reflectively develop all aspects of the survey
instruments and design the survey’s implementation procedures to best maximize the validity and
reliability of the resulting utility estimates. We considered these issues to be crucial to obtain unbiased
estimates which could add to the growing literature on non-market benefit valuation. Within the survey
instrument design, our goal was to use simple language and graphics to portray complex information
relating to ecological and microbial pollution, and provide respondents with accurate, unbiased
information on different water options, choice outcomes and associated costs (the survey questionnaire
and showcards are given as Supplementary Materials to this paper). Terms that respondents could
easily comprehend were used throughout, as the majority of respondents were expected to have little
or no prior knowledge of river water quality issues. The survey instruments and experimental design
were pre-tested. Within the main survey data collection, we were mindful to reduce information bias:
each respondent was provided with almost exactly the same information from which to aid their choice
decisions, and that information was carefully considered to prevent excess information disclosure
which could lead to inflated utility estimates [32]. A single interviewer conducted the interviews,
and as far as possible, did not deviate in appearance or demeanor, to minimise interviewer variability
and bias [33].
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2.3. Modelling Strategies
2.3.1. Conditional Logit Modelling
The CL model is frequently used in choice modelling studies to estimate the impact of water
characteristics (also called attributes) and respondents’ socio-economic characteristics on the utility of
different alternatives [34]. We assumed that the respondent compared the levels of attributes for each
water scenario alternative and chose the option that maximized their utility. Following Random Utility
Maximization theory [35], the utility of each water scenario (j) can be formalized as:
Uijt = Vijt + eijt = βxijt + εijt, i = 1, . . . ., N (respondents); j = 1, . . . , J (alternatives); t = 1, . . . , T (repetitions) (1)
where xijt is a K-vector of water characteristics of alternative j facing person i on occasion t, βi is a
vector of parameters to be estimated and represents person i specific utility weights on water attributes,
and εijt is the error term. In order to estimate the β parameters, the researcher could follow different
modelling strategies dictated by the specification of the error term εijt.
Assuming that the error component is identical and independently distributed as Extreme Value
Type I [35], and the chosen option [yit] is j among the J alternatives, the CL model can be formalized as:
Pijt(yit = j|βi = β) =
exp
(
β xijt
)
∑Jq = 1 exp
(
β xiqt
) (2)
The CL is the most common standard specification model for choice data and can be estimated
with maximum likelihood techniques. Preference heterogeneity can be incorporated into the model by
interacting socio-economic variables with choice attributes.
Unfortunately, the CL model has several drawbacks [36]. Repeated observations by the same
respondent cannot be accommodated by the model, heterogeneity in preference cannot be properly
addressed, and correlation among alternatives cannot be estimated. McFadden and Train [37] provide
the Lagrange Multiplier test that uses artificial variables to verify heterogeneity in preferences and
verifies whether the distributional assumption on the error components is supported by data. Dropping
the t-index for simplicity, the artificial variables can be obtained as:
zij =
(
xij − xCj
)2, with xCj = ∑
j
xijPij (3)
where Pij is the CL choice probability. The CL model in Equation (2) is re-estimated including the
artificial variables, and the null hypothesis of no random coefficients on attributes x is rejected if
the coefficients for the artificial variables are significantly different from zero. When the test fails to
reject the null, the implication is that the CL assumption on the error term is inappropriate, and other
assumptions must be tested. An alternative model specification is latent class (LC), which overcomes
CL limitations in addressing preference heterogeneity [38] and repeated choices [39].
2.3.2. Latent Class Analysis
The LC model posits that preferences can be explained by observable and latent factors [40].
The model structure is extended to accommodate unobservable heterogeneity explained by
socio-economic characteristics or attitudinal/psychological information [41]. From a policy perspective,
LC analysis enables environmental managers to respond more appropriately to the preferences of
those subgroups [42]. There has been a growing use of LC to assess environmental preferences,
e.g., in recreational angling [43], wilderness recreation [44], and reservoir recreation [45].
The LC model clusters respondents within relatively homogenous classes, and for each class,
the parameter of water characteristics (β) is estimated. Each respondent can be probabilistically
assigned to any class, given personal characteristics, and the final result is a set of preference parameters
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for each group. Thus the LC model captures preference heterogeneity through the error component
specification strategy and solves many of the limitations of CL model specification.
Formally, a LC model uses a probabilistic class allocation model, and a CL model for the alternative
choices. Each respondent i belongs to class s (of S classes) with probability piis, with piis ∈ (0, 1)
and
S
∑
s = 1
piis = 1. The probability that respondent i belongs to class s is:
piis =
exp(δs + γszi)
∑Sl = 1 exp(δl + γlzi)
(4)
where δs is a class specific constant, zi is a vector of individual socio-economic characteristics,
and γs is a vector of parameters to be estimated, capturing the impact of respondents’ characteristics
on preferences.
Conditional on the probability of being in class s the probability of choosing option j among the
J alternatives is equivalent to Equation (2). The unconditional probability of choosing option j for
respondent i for choice situation t = 1 is the product of Equations (2) and (4):
Pi (j|β1, . . . , βs ) =
S
∑
s = 1
piisP(yi = j|βi = βs ) (5)
In common with the CL specification, maximum likelihood procedures can be used to estimate
the LC model. Respondents’ individual class membership probabilities were calculated using the
method described in Morey and Thacher [46], which enables each respondent to be allocated to their
most likely class using that individual’s conditional class-membership probabilities. Post-estimation
results were then defined using class members’ socio-economic characteristics.
Following welfare theory [47], both models can provide marginal welfare values by the ratio of
marginal utility of each attribute (k) and price (p):
WTPs = −
βk|s
βp|s
(6)
The WTP ratio can be derived when we can observe a marginal change from the initial state of
water and a future change. The choice setting deliberately avoided defining the current water quality
level (status quo) and the survey collected information on perceived water quality. We estimated WTP
in two ways: we used ‘low’ ecological or recreational quality as objective initial water quality states,
or, as in Hynes et al. [48], we use respondents’ perceptions of water quality. We considered, at the
individual level, the perceived water quality and where that respondent’s perception was lower than
the improvement, WTP was set to zero (e.g., should we want to improve the river from low to medium
water quality; if the respondent’s perception was already medium (or high) the improvement did not
produce any benefit). The marginal WTP was registered for the other cases. We ignored the hypothesis
of compensation. The Krinsky and Robb method [49] of calculating the confidence interval of WTP
estimates was used.
3. Results
3.1. Summary Statistics
To examine distance decay effects, respondents were interviewed at a range of distances
(0.1–79.4 km), from the survey river stretch. To explore preference heterogeneity, a range of respondents
were interviewed. Descriptive statistics for the respondents are shown in Table 1. 185 respondents from
the general public were interviewed either door-to-door, or at the survey river. Swimmers and rowers
account for less than 1% of the population [50] but were deliberately oversampled (from local recreation
clubs) to more accurately capture their preferences and generate data (i.e., adequately populate choice
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alternatives) for analysis. A total of 8% of our sample were anglers, which corresponded closely with
official estimates (9%) of the proportion of people who go freshwater fishing [51].
Table 1. Descriptive statistics.
Whole sample (88 male, 112 female) 200
Rowers and swimmers in sample 15
Anglers in sample 16
Mean number of environmental memberships per respondent 0.5
Mean distance respondents live from the survey river 8 km
Median distance respondents live from the survey river 3.7 km
Mean income £28,600
Median income £27,000
3.2. Conditional Logit Results
CL modelling was undertaken using Stata 13 [52]. The CL model shown on Table 2, presents
preference heterogeneity in the naïve way (interaction of attributes and socio economic variables) but
provides preliminary insights into preference heterogeneity. Respondents’ preferences for Yellow and
Green ecological quality levels were insignificantly different from one another, so those levels were
collapsed into one intermediate variable called Medium ecological quality. For clarity, Blue ecological
quality is renamed High ecological quality.
The first section of Table 2 displays estimated marginal utilities of the general public (i.e., are not
rowers, swimmers or anglers) who are not members of environmental groups and live within 8 km
of the river. Coefficients for Medium and High ecological, and Medium and High recreational water
quality levels were complete and transitive. The strength of the coefficients relative to one another
suggested that such respondents, on average, valued improvements in ecological quality more than
they did for improvements in recreational/microbial water quality. Respondents disliked options
containing higher prices, ceteris paribus.
An interaction term, RQ × EQ, describes a highly significant positive interaction for all
respondents: improvements in one dimension of water quality (whether it be ecological quality
or recreational quality) are valued more highly the higher the quality level of the other dimension of
water quality.
Membership of environmental organisations is typically used as a surrogate variable to positively
identify respondents who would be expected to care more highly about the environment. Within this
sample, members of environmental organisations had highly significant preferences for higher levels
of ecological water quality and held higher values for High recreational water quality. They were also
slightly more likely to choose choice options containing higher prices.
Anglers were significantly more likely to value improved ecological water quality, and their
preference for High ecological quality was significantly higher than their preference for Medium
ecological quality. Anglers had lower preferences (relative to the other respondents) for both levels of
recreational water quality, but this was reasonable if lower recreational quality reduced the number
of people using the river and disturbing the angler and the fish. Conversely, swimmers and rowers
were significantly more likely to value improved recreational water quality, and significantly less likely
to choose options containing higher ecological quality. This was reasonable, given that recreational
quality is important in order for them to enjoy their activities safely.
The model provided evidence of a step-function distance decay on Price, as respondents who
lived further than 8 km from the river were less willing to choose choice options containing higher
prices. With a p-value of 0.054, this coefficient was very close to the 5% significance level. Respondents
also held significantly lower preferences for High recreational quality if they lived farther from the
river. This fits the concept that non-use value is less responsive to distance than use value [53].
It may not be the case that the preferences of the different respondents were as one dimensional as
the CL model suggests but this occurred, in part, due to parameterising the model in the most efficient
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way to best represent the preferences of the different user groups. LM testing verified unexplained
heterogeneity within several of the model’s coefficients (Price, High Recreational Quality and RQ
× EQ variables had heterogeneous variance within the CL model) and as CL failed to control for
intra-respondent variation, we concluded that CL was not the optimal specification of the choice data.
As the aim of our research was to reveal as much preference heterogeneity as possible, we now turn to
the LC analysis.
Table 2. Conditional logit model of water quality preferences.
Variable Coefficient Standard Error
General public (no environmental memberships and <8 km to the river) (n = 70)
Price −0.020 *** 0.003
Medium ecological quality 1.387 *** 0.148
High ecological quality 2.529 *** 0.222
Medium recreational quality 0.580 *** 0.137
High recreational quality 0.900 *** 0.178
RQ × EQ 0.144 *** 0.044
Rowers and swimmers (n = 15)
Rowers and swimmers × Price −0.008 0.010
Rowers and swimmers ×Medium ecological quality −1.031 *** 0.378
Rowers and swimmers × High ecological quality −1.819 *** 0.604
Rowers and swimmers ×Medium recreational quality 0.973 ** 0.404
Rowers and swimmers × High recreational quality 1.342 *** 0.501
Anglers (n = 16)
Anglers × Price −0.008 0.008
Anglers ×Medium ecological quality 0.879 ** 0.426
Anglers × High ecological quality 1.747 *** 0.632
Anglers ×Medium recreational quality −0.705 * 0.382
Anglers × High recreational quality −0.891 ** 0.387
Environmental memberships (continuous variable) (n = 78, hold at least 1 membership)
Environmental memberships × Price 0.005 * 0.003
Environmental memberships ×Medium ecological quality 0.693 *** 0.170
Environmental memberships × High ecological quality 0.895 *** 0.239
Environmental memberships ×Medium recreational quality 0.092 0.138
Environmental membershipsxHigh recreational quality 0.321 ** 0.157
Distance (>8 km to the river) (n = 64)
DistancexPrice −0.008 * 0.004
DistancexMedium ecological quality 0.0193 0.192
DistancexHigh ecological quality −0.345 0.274
DistancexMedium recreational quality −0.100 0.174
DistancexHigh recreational quality −0.447 ** 0.186
Number of observations = 4800
Log likelihood = −1009.737
R2 = 0.39
*, ** and *** = significance at 10%, 5% and 1% levels. RQ × EQ describes an interaction between ecological and
recreational quality attributes, where improvements in one are valued more highly when higher quality levels of
the other are also available.
3.3. Latent Class Results
Within LC analysis, the assumption was that respondents’ behaviour within a choice experiment
was a manifestation of their underlying latent preferences. The optimum number of latent classes was
tested using the information criteria measures suggested by Hynes et al. [48]. The Baysian Information
Criteria and the Consistent Akaike Information Criteria indicated that a model containing three classes
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of respondents was the optimal solution. Respondents were allocated to the three classes reported in
Table 3. The LC model (generated using Latent Gold 5 [54]) was composed of two groups of variables.
The utility functions describe the estimated marginal utilities for the choice attributes held by each class.
The class membership covariates capture the impact of observables on class membership probabilities.
Table 3. Latent class model of water quality preferences.
Utility Functions Class 1 Class 2 Class 3
Price −0.014 *** −0.023 *** −0.285 ***
(0.005) (0.003) (0.071)
Medium ecological quality 1.211 *** 3.546 *** 1.040 **
(0.171) (0.281) (0.448)
High ecological quality 1.647 *** 5.790 *** 1.903 ***
(0.262) (0.371) (0.727)
Medium recreational quality 2.006 *** 0.480 *** 0.984
(0.208) (0.181) (0.768)
High recreational quality 2.941 *** 0.993 *** 2.507 *
(0.252) (0.175) (1.406)
Class membership covariates
Intercept −0.269 0.460 ** −0.191
(0.245) (0.205) (0.236)
Environmental memberships 0.476 ** 0.307 −0.783 **
(0.229) (0.218) (0.388)
Distance −0.488 * −0.371 0.859 ***
(0.272) (0.238) (0.331)
Predicted number of respondents 62 117 21
Total respondents = 200
Total observations = 4800
*, ** and *** = significance at 10%, 5% and 1% levels. Standard errors in parentheses.
Post-estimation results (Table 4) highlight the heterogeneous socio-economic characteristics and
differences in trip behaviour across the three classes of respondents.
Table 4. Post-estimation results for the latent class model.
Socio-Economic Variables Class 1 Class 2 Class 3
Mean income (£1000s) 28.3 (21.3) 29.5 (21.8) 24.9 (18.4)
Mean number of environmental memberships held 0.6 (0.8) 0.5 (0.7) 0.1 (0.3)
Mean distance respondent lives from the Yare (km) 7.8 (10.3) 7.8 (10.9) 9.7 (8.5)
Trip behaviour (mean visits during previous year)
All river trips 48.7 (70.9) 35.2 (66.2) 31.2 (51.4)
Yare trips 40.0 (67.7) 22.7 (54.9) 3.9 (11.1)
Mean number of Yare trips in the next year—if water
quality improvements are made 44.1 (68.1) 40.4 (79.5) 5.5 (11.1)
Standard errors in parenthesis.
The utility functions revealed significant preference heterogeneity between the three classes.
Class 1 was estimated to contain 62 respondents. These respondents had the highest utility from
improved recreational water quality. Class 2 contained the majority of the respondents (117), and they
were most likely to value improved ecological water quality. Class 3 was the smallest class, containing
21 respondents. Although Class 3 respondents held positive preferences for improved levels of
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ecological and recreational water quality, they avoided choice options containing increased Price:
we saw a highly significant (relatively steep) negative slope on the Price coefficient for Class 3.
Variables for the number of Environmental Memberships held by respondents and their Distance
from the proposed improvement helped define the class respondents were assigned to. As the number
of Environmental Memberships increased, respondents were significantly less likely to be assigned to
Class 3, and the likelihood that respondents would be assigned to Class 3 if they lived farther from the
river was highly significant. Post-estimation results (Table 4) showed that Class 3 respondents tended
to live furthest from the river and hold the lowest number of Environmental Memberships.
By incorporating respondents’ socio-economic and trip characteristics, the LC model’s
post-estimation results provided further insights that helped to explain why Class 3 respondents
were more averse to increased Price, relative to the other two classes. Class 3 respondents had the
lowest mean income, which may impact on their WTP for water quality improvements.
On average, Class 3 respondents took relatively few trips to the Yare. Respondents were asked
about their future trip behaviour and, even if water quality was guaranteed to be high at the Yare,
Class 3 respondents’ future trip frequency barely changed. It is likely that Class 3 respondents were
unwilling to pay for water quality improvements at the Yare due to a variety of factors, including a
preference to visit substitute river locations.
Class 1 respondents proposed to visit the Yare on average an additional 4.1 times per year if
water quality improvements were made. It seems that although they were willing to pay for improved
recreational water quality for others to enjoy at the Yare, they were not keen to greatly increase their
use of that resource. This altruistic choice behaviour has been observed in previous research [55].
In contrast, Class 2 respondents were not only willing to pay for ecological water quality improvements,
but may also visit far more frequently (an additional 17.7 trips) to enjoy those improvements Paired
t-tests were performed on present and future trip frequency (for all three latent classes) to determine
whether there was a statistically significant mean difference between the two. The p-value for all three
tests was less than 0.000: it could be concluded that there was a statistically significant difference
between mean present and mean future trip frequency.
3.4. Willingness to Pay for Water Quality Improvements
We now consider the monetary values for WTP, which are derived by assessing changes in utility
from V0, the initial water quality state, and V1, the alternative state. Using the correct value for V0 is
crucial, as, if incorrect, the resulting WTP estimates will also be incorrect. For example; if ecological
quality is consistently low it would be correct to set V0 for ecological quality to low. However, water
quality on the Yare is not always low, but variable throughout the year, which complicated our attempts
to accurately define V0.
Table 5 reports the welfare estimates for marginal changes in river water quality improvements,
derived from the LC model. V0 is defined by Low water quality levels.
Table 5. Willingness to pay (WTP) derived from the latent class (LC) model for each water quality type,
per km (Per km = total WTP/km in survey river stretch) of improvement, per household, per year.
Water Quality Type
WTP (£s)
Class 1 Class 2 Class 3
Medium ecological quality 4.32 (1.52) 7.74 (1.23) 0.18 (0.09)
High ecological quality 5.87 (2.09) 12.64 (1.84) 0.33 (0.15)
Medium recreational quality 7.15 (2.44) 1.05 (0.46) 0.17 (0.10)
High recreational quality 10.49 (3.41) 2.17 (0.46) 0.44 (0.16)
Standard errors, in parenthesis, represent the 95% confidence intervals for the WTP estimates.
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There were distinct difference in WTP between the different classes. Class 1 respondents held
the highest values for recreational improvements, Class 2 respondents valued ecological water
quality enhancements more highly, and Class 3 respondents had very low values for either water
quality attribute.
We believe that the most important factor influencing the correct level of V0 in situations where
V0 is variable, or where there is no correct level of V0, is the respondent’s own perception of existing
water quality. For this reason, we recalculated WTP estimates for each individual, with V0 set to the
level of water quality perceived by that individual.
Within the survey, the current state of the water quality was not fixed, and was intentionally
overlooked in the CE setting. Instead, Yare visitors were asked what quality they thought each attribute
was at the Yare and their perceptions are shown in Figure 3. Respondents’ perceptions of water quality
corresponded relatively closely to the Environment Agency’s estimates of Yare catchment water quality
characteristics [19]. We saw a small minority who believed that the existing water quality was Low,
while the remainder thought that water quality was Medium or High. Non-visitors, unable to provide
perceptions data, were excluded from the following analysis.
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ithin Table 6 we saw that where V0 was set to the lowest water quality level, TP estimates,
derived from the CL model, were much higher than if we used respondents’ perceptions of water
quality as the baseline upon which to calculate welfare estimates. It was important that we used the
correct level for V0 to produce meaningful valuations: if V0 was systematically set to the lowest water
quality level, TP estimates would be potentially overestimated.
Table 6. WTP of Yare visitors (excluding rowers and swimmers) per km of improvement, per household,
per year, accounting for perceived water quality.
Improvement Type If V0 = low Water Quality If V0 = Respondent’s Pe i n
Medium ec logical quality £5.27 £0.37
High ec logical quality £8.36 £1.15
Medium recreational quality £2.15 £0.10
High recreational quality £3.51 £0.40
4. Discussion
This research disentangles and examines the relationships between ecological and recreational
sources of value, thereby allowing decision makers to better understand the consequences of adopting
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alternative investment strategies that favour either ecological, recreational or a mix of benefits. To do
this, this research has used attribute based valuation methods and a broad survey design to analyze the
way in which individuals regard the recreational and environmental functions of rivers. We present
two complementary models that examine different aspects of the same data.
With regard to the question of who cares about river water quality, our results were stable over
the alternative choice models specifications, confirming significant heterogeneity in water quality
preferences across the sample of respondents. Clearly the answer to ‘Who cares?’ depends on who
is being asked, and asked for what reason. Previous research led us to expect that recreational water
users would have higher expectations from water quality in order to fully enjoy their activities and
would place greater value on higher recreational water quality. This expectation was confirmed within
our CL results, which provided an overview of the water quality preferences of different recreational
users and infrequent visitors/non-users within the general public. The public typically hold higher
values for improved ecological quality, rather than recreational enhancements. Similar preference
orderings, but at higher levels of willingness to pay, were revealed by anglers. However, other users,
such as swimmers and rowers, prioritised recreational over ecological improvements. Other preference
predictors were identified, including a correlation between respondents’ WTP and the number of
environmental memberships they held, and a clear distance decay in WTP values away from the sites
of any proposed investment.
What was more unexpected was the heterogeneity revealed by the LC model, which found three
statistically distinct types of respondents. The majority hold a preference for enhanced ecological
quality, a minority are motivated by recreational quality improvements, and a yet smaller proportion
are ambivalent about the water quality at the Yare.
By demonstrating that positive non-market benefits are likely to accrue from remediation
schemes and by improving the probability that those schemes would pass cost-benefit analyses,
this research advocates for ongoing policies of river improvement. It also shows that the non-market
benefits that may accrue from different types of water quality improvements are nuanced in terms
of their environmental impacts, their potential beneficiaries, and by inference, their overall value
and policy implications. The WTP measures derived from our research reveal clear differences in
preferences between respondent groups, and so, from a policy perspective, enhances the ability of
the policy-maker to more fully understand potential non-market benefits and thus produce more
accurate cost-benefit analyses. Future CBAs could incorporate the preference heterogeneity exhibited
by different sub-samples within the population and weight their estimated non-market utility values
accordingly. A similar approach could be taken to account for the impact of distance on respondents’
estimated utility values.
So, what are the implications of this study, and how should the policy and management
community react? There are spatial differences in ecological and microbiological pollution
concentrations and vectors across UK rivers [56,57]. As the costs and the benefits of remediating that
pollution are unequally distributed, it is simply not cost effective to direct scarce financial resources at
pollution remediation equally across all rivers. The policy and management communities must be
pragmatic, accept that not all riverine pollution can be solved in the short term, and adopt a targeted
approach to pollution remediation schemes; an approach that closely examines the net benefits arising
from different levels of investment at different locations to ensure that the allocation of scarce resources
yields the maximum net benefits. Consequently, it is important that research such as this, demonstrates
to policymakers that different remedial measures (aimed at either ecological or microbial water quality
improvements) may trigger entirely different benefits and differing levels of market and non-market
values. Decision makers need to be able to understand these differences, and be able to access simple,
quantifiable data in order to maximise the effectiveness of the limited resources available for river
improvements, particularly given the elusive nature of non-market quantification.
What is being increasingly confirmed by recent work (e.g., Metcalfe, et al. [16], the findings of
which are reinforced by the research presented here) are that the spatial conditions and patterns
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pertaining to the non-market benefits that may be available following pollution remediation.
Respondents’ spatial relationships to rivers are important, especially when monetizing the total
utility of non-market benefits.
Our CL model found that distance decay to be a step function, with a preference boundary at
8 km from the river, and our LC model found distance to be a highly significant determinant of class
membership. By revealing spatially explicit distributions of non-market benefits, this research helps to
identify the optimal locations and recipients for remediation schemes, and thus help maximise the
return on investment.
The preferences of the majority of the respondents were directed at the ecological quality of river
water. With this in mind, we should expect proportionately more resources to be targeted towards
improving the ecological quality of rivers, and we should also expect the majority of water quality
improvements to be made close to, but upstream of, urban areas. There are two main reasons for this
expectation. Firstly, improvements close to urban areas would reasonably be expected to encompass
the largest numbers of beneficiaries (due to the higher population densities of those urban areas)
resulting in relatively higher levels of use and non-use benefit values (remediation measures in isolated
rural locations would be expected to have relatively low benefit values, simply because there are
very few people in those locations to gain utility from an improvement). Secondly, areas downstream
of urban areas are frequently subject to unidirectional pollution discharges from the wastewater
treatment facilities that process wastewater originating from those settlements. The costs of installing,
or upgrading, wastewater treatment facilities to adequately treat discharges from those urban areas
may outweigh the benefits that may arise from the treatment of that wastewater. Much depends on the
spatial vagaries of wastewater infrastructure, the relationships of the urban areas to rivers, the location
of beneficiaries and the locations of other sources of river pollution.
The underlying rationale of the paper is that, given resource constraints, a focus on identifying
and improving those sites which yield the largest net benefits is entirely justified. This in turn
requires estimates of the benefits of improvement to set against costs, and our analysis revealed the
importance of key parameters (such as user type and their distance from the proposed improvement)
in determining those benefits. Failure to identify benefits negates the decision makers’ ability to
discriminate between investment options.
The practical way forward with respect to widespread application of benefit appraisal is clarified
by considering commonplace approaches towards appraisal of the cost side of any water quality
investment. Costs have been estimated from a number of original studies of different rivers and
interventions. Cost models are then applied to new potential investments by simply gathering some
readily available secondary data including maps of the relevant rivers, and a minimum of on-site
measurement (for example, some minimal quality assessment). In effect, a base of cost data gathered
from prior investigations of other rivers is then used to estimate costs for interventions on other
rivers. This process forms the basis for practice on the benefits side. Our study provides a detailed
analysis of the benefits of water quality improvements across different user groups living at different
distances from the studied river. These parameters allow us to extrapolate results to other rivers, again
through the application of readily available secondary data, including maps of the relevant rivers.
Of course, just as it would be unwise to estimate costs for all other rivers from those incurred at a
single river, one would want to conduct a number of further primary benefit valuation studies prior
to combining these within a transferable benefit valuation model. We set out the principles for such
an exercise elsewhere [10]; these are principles which the relevant decision makers have for some
time accepted as the desired and practical approach to benefit valuation across multiple rivers and
waterways [12,58–61].
4.1. Research Limitations
Other variables to capture the potential effect of distance on respondents’ preferences were
explored (e.g., specifying distance as a continuous variable, to obtain true distance decay, rather than a
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preference boundary based on the mean distance respondents live from the survey river), but these
proved unsatisfactory. It might be that with a larger sample size, and more variability in respondents’
distances from the survey river, results would differ.
Several of the groups of socio-economic variables within the CL produced coefficients with
wide confidence intervals, which we believe was due to small sample size (Rowers and swimmers,
in particular, proved to be particularly ‘hard to reach’ respondents; they were reticent about being
interviewed, despite advertisements being placed within club newsletters). Consequently, some
of the socio-economic coefficients were insignificant and cannot be taken at face value. However,
these insignificant variables are useful as a guide to identify trends in the data. Despite this caveat,
many of the socio-economic variables were significant, particularly those that provided the highest
utility for the different types of recreational users.
By choosing to minimise experimental complexity to focus on respondents’ trade-offs between
only ecological quality, recreational quality and price, it may be argued that this research has missed
the opportunity to explore other facets of water quality (e.g., contamination by industrial pollutants),
or to explore respondents’ preferences for potential water remediation options (e.g., build a wastewater
treatment facility at point A or B). This limitation makes direct comparison with other research,
e.g., Doherty et al. [14] and Hanley et al. [15] more problematic.
The transferability of our research findings has not been explored here. Given the small overall
sample size and the low numbers of respondents participating in river-based recreation activities,
it was not prudent to perform out-of-sample testing. However, the model function contains distance,
a key element for transferability, and the dataset includes other useful variables, such as income.
Previous research [24] has suggested that in most cases, differences between WTP estimates obtained
by different methods (e.g., travel cost or contingent valuation) are larger than differences due to
dissimilar river characteristics: when multiple studies are available, welfare estimates for rivers that
have similar characteristics, but are based on different methods, consistently result in larger errors
than transfers across space, keeping the method constant. With this in mind, it may be beneficial
in the future to assess our results against those obtained by studies that use similar methods and
were undertaken at rivers with similar characteristics. We should be fairly confident that the results
presented here offer insights into the patterns of respondents’ utility preferences in other similar areas.
4.2. Future Research
Like most research, this work has identified new research avenues. Our perception-based WTP
estimates were similar to the WTP estimates obtained from other recent UK studies, for example,
Metcalfe et al. [16], Hanley et al. [15] and Glenk et al. [11]. A meta-analysis of utility values and/or
assessment of transfer error values from these and other studies may be useful, particularly if the goal
is to produce spatially transferable models.
A further research avenue could be to map the spatial boundaries of our utility estimates of the
non-market benefits arising from water quality improvements against empirical water quality data, in
order to improve our understanding of the optimal locations in which the non-market benefits from
river water quality remediation schemes could be maximised.
Supplementary Materials: The questionnaire and showcards used for the survey are available online at www.
mdpi.com/2073-4441/9/8/621/s1.
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